When smartphones, applications (a.k.a, apps), and app stores have been widely adopted by the billions, an interesting debate emerges: whether and to what extent do device models influence the behaviors of their users? The answer to this question is critical to almost every stakeholder in the smartphone app ecosystem, including app store operators, developers, endusers, and network providers. To approach this question, we collect a longitudinal data set of app usage through a leading Android app store in China, called Wandoujia. The data set covers the detailed behavioral profiles of 0.7 million (761,262) unique users who use 500 popular types of Android devices and about 0.2 million (228,144) apps, including their app management activities, daily network access time, and network traffic of apps. We present a comprehensive study on investigating how the choices of device models affect user behaviors such as the adoption of app stores, app selection and abandonment, data plan usage, online time length, the tendency to use paid/free apps, and the preferences to choosing competing apps. Some significant correlations between device models and app usage are derived, leading to important findings on the various user behaviors. For example, users owning different device models have a substantial diversity of selecting competing apps, and users owning lower-end devices spend more money to purchase apps and spend more time under cellular network.
INTRODUCTION
Since Apple announced the iPhones in 2007, smartphones have been playing an indispensable role in people's daily lives. A great variety of applications (a.k.a, apps) such as Web browsers, social network apps, media players, and games make smartphones become the main access channels to Internetbased services rather than communication tools. With the ever-increasing amount of smartphone users and apps, comprehensive and insightful knowledge on what, when, where, and how the apps are used by the users is extremely important [1] . Many significant research efforts have been made in the past few years on portraying the users and understand their behaviors in term of apps [15, 18, 12] .
Like all Internet users, smartphone users can be classified based on various facts, including demographics such as location, gender and age, and behaviors such as preferences to apps [4] , content consumed within apps [28] , and so on. Actually, in the current app ecosystem, a user is naturally identified by his/her device [32, 20] . Many such classifications of smartphone users boil down to classifications of devices. In other words, much variance of user behaviors may be explained by the devices they use. Indeed, when users interact with their smartphones, download apps from online app stores, and use the apps for different purposes, their experiences are usually affected by various parameters of the device models they use, such as brands, hardware specifications, etc. Understanding how device models affect user behaviors can help app store operators know their users better and improve their recommender systems by considering device models. For instance, one may recommend apps with fancy graphical effects to devices that are equipped with a powerful GPU and high-resolution screen [11] . Device-specific ads is another big opportunity. For example, Facebook customizes mobile ads according to device model types since 2014 [6] . App developers are thrilled to know through which kind of device models they can gain more users and more clicks, so that they can invest their effort in customizing the ads for those models, e.g., by designing banners of proper sizes or placing videos at proper positions on the screen. Furthermore, device models may be more informative in the behavioral analyses of Android users, due to the large diversity and heavy fragmentation of Android devices [11] .
Some existing efforts have been made to investigate how apps usage is affected by device models 1 [3, 26, 30, 32] . Unfortunately, due to the lack of sufficient user behavioral data at scale, most existing studies suffer from serious selection bias, including specific user groups (e.g., in-school students) [30] , fixed device models or apps [23] , and limited metrics (e.g., screen size) [26] . In this paper, we present a comprehensive user study exploring whether, how, and how much the device models can really influence the user behaviors on using smartphones and apps. We collect the behavioral profiles of about 0.7 million anonymized Android users 2 by a leading app store operator in China, called Wandoujia 3 . Besides the largest data set to date, our study differs from existing efforts further in two aspects.
• We conduct the study from a new perspective, i.e., the sensitivity of device's price against the app usage. In our opinion, the price of a device model can generally reflect the level of hardware specifications when the device is released. Additionally, such a metric can imply the users' economic background, which influences user behavior at demographics level [10] . In this way, we try to categorize the users into different economic groups and explore the sensitivity of the device against the user behavior.
• Second, we explore comprehensive behavioral profiles that contain various useful information, including the apps selection, apps management activities (e.g., download, update, and uninstallation), data plan usage per app, and online time length per app, etc. In addition, we focus on only the behavioral profiles from long-term users who steadily contribute to our study. This provides solid ground for the findings from our study.
The major contributions made by this paper can be summarized as follows.
• We collect app usage from over 0.7 million users in a period of five months (May 1, 2014 to September 30, 2014) . Our data set covers 500 popular Android devices and over 0.2 million Android apps. The detailed user behavioral profiles include the activity log of downloading, updating, and uninstalling apps, the daily traffic and access time of every app through both Wi-Fi and cellular. Based on such a large-scale data set, we explore a comprehensive study on how the device models can impact the app usage.
• We find significant correlations between the choice of device models and app usage spanning the adoption of app stores, the selection and abandonment of apps, the online access time and data traffic of apps, the revenue of apps, and the preferences against competing apps. Some findings can be quite interesting, e.g., the users holding lower-end devices are likely to spend more money on purchasing apps and spend more time under cellular network, the selection of the apps with similar functionalities presents a substantial diversity among users, etc. The findings can be leveraged to understand the user requirements better, preferences, interests, or even the possible background such as economic or profession.
• We derive some implications that are directly helpful to several stakeholders in the app-centric ecosystem, e.g., how app store operators can improve their recommendation systems, how the app developers can identify problematic issues and gain more revenues, and how the network service providers can explore more personalized services [17, 22, 22, 19, 9] .
The remainder of this paper is organized as follows. We first present the related work in the area of user behavior analysis of smartphone users. Next we describe the Wandoujia and the five-month data set, and present our measurement approach alongside the research questions and hypotheses. Then we conduct the correlation analysis on how the choice of device models affects the user behaviors on app usage. In addition, we propose the underlying reasons leading to such significant correlations. We also discuss about our implications for relevant stakeholders, and describe the limitation of our study and threats to the generalization of our results. Finally, we conclude the study and some outlooks to future work.
RELATED WORK
Precise classification of users and understanding their behaviors of using apps are significant to every stakeholder in the app ecosystem, including app store operators, content providers, developers, advertisers, network providers, etc. Several efforts have been made in the fields.
One straightforward way to understand the user behavior is conducting field study. Usually, the field studies are conducted over some specific user groups. Rahmati et al. [25, 24] made a four-month field study of the usage of smartphone apps of 14 users, and summarized the influences of long-term study and short-term study. Lim et al. [14] made a questionnaire-based study to discover the diverse usages from about 4,800 users across 15 top GDP countries. The results show that the country differences can make significant impacts on the app store adoption, app selection and abandonment, app review, and so on. Falaki et al. [7] performed a study of smartphone usage based on detailed traces from 255 volunteers, and found the diversity of users by characterizing user activities. A number of other studies have been made in similar ways [2, 3, 5] .
To have more comprehensive behavioral data, the monitoring tools/apps are more appreciated other than questionaire. Yan et al. [33] developed an app, called AppJoy, and deployed such an app to collect the usage logs from over 4,000 users and find the possible patterns in selecting and using apps.
Besides the general analysis, some studies aim to investigate the diversity of user behaviors from specific perspectives. Raptis et al. [26] performed a study of how the screen size of smartphones can affect the users' perceived usability, effectiveness, and efficiency. Rahmati et al. [24] explored how users in different socio-economic status groups adopted new smartphone technologies along with how apps are installed and used. They found that users with relatively low socioeconomic background are more likely to buy paid apps. Ma et al. [21] proposed an approach for conquering the sparseness of behavior pattern space and thus made it possible to discover similar mobile users with respect to their habits by leveraging behavior pattern mining. Song et al. [28] presented a log-based study on about 1 million users' search behavior from three different platforms: desktop, mobile, and tablet, and attempted to understand how and to what extent mobile and tablet searchers behave differently compared with desktop users.
Some field studies were made towards specific apps. Böhmer et al. [2, 3] made a field study over three popular apps such as Angry Bird, Facebook, and Kindle. Patro et al. [23] deployed a multiplayer RPG app game and an education app, respectively, and collected diverse information to understand various factors affecting the app revenues.
Due to the difficulty of involving a large volume of users, the preceding field studies may suffer from relatively limited users and apps. At large-scale, Xu et al. [32] presented usage patterns by analyzing IP-level traces of thousands of users from a tier-1 cellular carrier in U.S. They identified traffic from apps based on HTTP signatures and present aggregate results on their spatial and temporal prevalence, locality, and correlation. Our previous work [13] was conducted over a onemonth data collected by Wandoujia, and evidenced that some app usage patterns in terms of app selection, management, network activity, and so on. To understand the diversity of user behaviors better, the study made in this paper is based on a more comprehensive data set that consists of the 5-month behavioral profiles from various users, and focuses on the impact made by the choice of device models.
THE DATA SET
In this section, we present the data set collected from Wandoujia, by describing the detailed information that shall be used to conduct our empirical study.
About Wandoujia
Our data is from Wandoujia 4 , a free Android app marketplace in China. Wandoujia was founded in 2009 and has grown to be a leading Android app marketplace. Like other marketplaces, third-party app developers can upload their apps to Wandoujia and get them published after authenticated. Compared to other marketplaces such as Google Play, apps on Wandoujia are all free, although some apps can still support "in-app purchase".
Users have two channels to access the Wandoujia marketplace, either from the Web portal, or from the Wandoujia management app. The Wandoujia management app is a native Android app, by which people can manage their apps, e.g., downloading, searching, updating, and uninstalling apps. The logs of these management activities are all automatically recorded.
Beyond these basic features, the Wandoujia management app is developed with some advanced but optional features that can monitor and optimize a device. These features include network activity statistics, permission monitoring, content recommendation, etc. All features are developed upon Android system APIs and do not require "root" privilege. Users can decide whether to enable these features. However, these advanced features are supported only in the Chinese version of Wandoujia management app. 4 Visit its official site via http://www.wandoujia.com.
Data Collection
Each user of Wandoujia is actually associated with a unique Android device, and each device is allocated a unique anonymous ID. In this study, we collected usage data ranging from May 1, 2014 to September 30, 2014 . The data set consists three categories of information:
• Device Model and Price. The Wandoujia management app records the type of each user's device model, e.g., Samsung Galaxy Note 2, Samsung S3, Xiaomi Note 2, etc. In our raw data set, there are more than 10,000 different Android device models. Such a fact implies the severe fragmentation of Android devices. However, from our previous work [13] , the distribution of users against device models typically complies with the Pareto Principle, i.e., quite small set of device models accounts for substantial percentage of users. Hence, we choose the top 500 device models according to their number of users. We then look up the first-release price of these device models from Jd 5 . Indeed, the price of a device model always decline over time due to the Moore's Law. However, such a price can somewhat reflect the hardware specifications and the target users at the time when the device model is released on market.
Considering the large volume of users, we choose to rely on this type of price as our classification criteria.
•App Management Activities. The Wandoujia management app can monitor the users' management activities such as searching, downloading, updating, and uninstalling their apps. Each management action is recorded as an entry in the log file that can be uploaded to the Wandoujia servers. With the management activities, we can know which apps ever appeared on the user's device, and when these apps are downloaded, updated, and installed.
•App Network Activities. Besides the basic management functionalities, the Wandoujia management app provides advanced features to record the daily network activities of an app. The network statistic features are optional, and are enabled when and only when the users explicitly grant the permissions to the Wandoujia management app 6 . If the app generates network connections either from Wi-Fi or cellular (2G/3G/LTE), the network usage can be monitored and recorded at the TCPlevel, including the data traffic and network connection time.
Note that the network statistic feature works as a system-wide service, thereby network usage from all apps can be captured, even if the app is not installed via the Wandoujia management app. The Wandoujia management app does not record the details of every interaction session, due to the concerns of system overhead. Instead, the Wandoujia management app aggregates the total network usage of an app. In particular, the data traffic and access time generated from foreground and background are distinguished, so that we can have more fine-grained knowledge of network usage. In other words, we can use eight dimensions of the daily network usage per app, i.e., 2 metrics (access time and traffic) * 2 modes (Wi-Fi and Cellular) * 2 states (foreground and background). To conduct a comprehensive and longitudinal measurement, we should process and filter the collected data guided by the following principles. We choose only the users who explicitly granted Wandoujia to collect their usage data from the preceding top 500 device models (denoted as the user set U). For these users, we further take into account those who continuously contribute their daily usage data for five months. Such a step assures that we can have rather complete behavioral data of these users. In this way, we obtain 761,262 users (denoted as the subset U ) and their usage data of 228,144 apps.
User Privacy
Certainly, the user privacy is a key issue to conduct such a measurement study based on large-scale user behavior data.
Besides collecting the network activity data from only the users who explicitly have granted the permission, we take a series of steps to preserve the privacy of involved users in our data set. First, all raw data collected for this study was kept within the Wandoujia data warehouse servers (which live behind a company firewall). Second, our data collection logic and analysis pipelines were completely governed by three Wandoujia employees 7 to ensure compliance with the commitments of Wandoujia privacy stated in the Term-of-Use statements. Finally, the Wandoujia employees anonymized the user identifiers. The data set includes only the aggregated statistics for the users covered by our study period.
Limitation of the Data Set
The preceding data set may have some limitations. First, the management activities come from only the apps that are operated by the Wandoujia management app. The management activities of apps that are downloaded and updated in other channels such as directly from the app's websites or uninstalled via the default uninstaller of Android system, cannot be captured by our data set. Second, we can take into account only the network usage as an indicator that an app is exactly used. Some apps such as calculator and book readers are often used offline, so we cannot know whether these apps have been launched and how they are used. However, our data set is the largest to date and comprehensive enough to conduct a longitudinal user study.
MEASUREMENT APPROACH
In practice, it is a common fact that device models with similar price usually have similar hardware specifications and target user groups. Our measurement study then aims to evaluate whether and to what extent the choice of device models, or more specifically, the price of smartphones, can affect app usage in various metrics. According to the preceding data set of user behavioral profiles, we propose some research questions that are significant to stakeholders. Table 2 : Results of U-Test among Groups. The "H", "M", "L" represent High-End, Middle-End, Low-End, respectively. • RQ1: Does the choice of device models impact the usage of app stores? If such an impact exists, which users are more likely to adopt the app stores (e.g., downloading new apps and updating existing apps), and what about the various requirements of different users when they use app stores?
• RQ2: Does the choice of device models impact the online time spent by users? If such an impact exists, which apps do different users tend to spend their time on?
• RQ3: Does the choice of device models impact the traffic used by users, especially the data plan of cellular? If such an impact exists, which apps are more likely to consume the cellular data plan of different users?
• RQ4: Does the choice of device models impact the purchase behavior of users and thus the app revenue? If such an impact exists, which group of users are more likely to pay for apps, and which apps are more likely to be paid for by different users?
• RQ5: Does the choice of device models impact the choice of apps with similar functionalities or purposes? If such an impact exists, which apps are more likely to be adopted by different users?
To answer the above RQs, our measurement study is conducted from two aspects.
User Group Analysis
As we assume that the price of device models can possibly reflect the economic background of the users, we first study the overall user behaviors by categorizing the users into groups according to the first-release price. In China, the price systems of popular e-commerce web sites such as Jd, Amazon, and Taobao, the price of device models is usually segmented at every 1,000 RMB level, i.e., 1,000 RMB, 1,000 RMB-2,000 RMB, 2,000 RMB-3,000 RMB, 3,000 RMB-4,000 RMB, and 4,000 RMB. Hence, we roughly categorize the device models into three groups according to their on-sale price information that is published on the Jd, i.e., the High-End ( 4,000 RMB, about 600 USD), the Middle-End (1,000 RMB-4,000 RMB, about 150-600 USD), and the Low-End ( 1,000 RMB, about 150 USD). We list the categorization results in Table 1 . We manually check the price history evolution of the top 500 device models on Jd as well as look up some third-party data sources such as Dong-Dong 8 and Xitie 9 . Most of the device models were first released to market after 2012, and can still fall into the above coarse-grained groups as of May 1, 2014 (the start time of our data set). Very few device models cannot meet such criteria, e.g., the first-release price of Galaxy S2 was 4,399 RMB, but the price fell down to about 3,200 RMB as of May 1, 2014 . For this case, we still categorize the device models by the first-release price. Luckily, such is rare in our data set. In this way, the dynamics of prices can have the side effects as little as possible. For each RQ, we use the box-plot to report the distribution of user behaviors over the corresponding metrics in each group. To further evaluate the statistical significance among the groups, we employ the Mann-Whitney U test (U-Test for short) [8] among the three groups. The U-Test is widely adopted in large data set to test whether the two groups have significant difference. In particular, the U-Test can be applied onto unknown distributions, and fit our data set very well.
App Category Analysis
We then study whether the choice of device models can impact the user behavior on specific apps. To this end, we run the regression analysis between the price of device model and the corresponding metrics, by organizing the U according to the first-release price of each device model. Investing each RQ essentially relates to the user's preferences and requirements of specific apps. Hence, we categorize the apps according to the classification system of Wandoujia, e.g., NEWS_AND_READER, GAME, VIDEO, and so on. For each RQ, we summarize the related metrics over each app category for every single user, and thus compute the Pearson correlation coefficient between the metrics and the price of the device model. In this way, we can explore whether the choice of device models can be statistically significant to the app usage.
In the next section, we conduct our analysis in the following workflow. We first present the motivations of each research question, respectively. Then we try to examine the impact caused by the choice of device models,by synthesizing the correlation analysis results at the granularity of each device model and the groups. Finally, we summarize the findings and try to explore the underlying reasons leading to the diverse user behaviors on app usage.
ANALYSIS AND RESULTS
In this section, we explore the research questions and validate all the hypotheses, respectively. We show the results of user group U-Test in Table 2 and the results of app-specific regression analysis in Table 3 .
Generally, most of the pairwise U-Test results in Table 2 at p < 0.0001 level. The only exception is for RQ4, indicating that the difference on expenditure of paid apps is not quite significant between middle-end group and low-end group. Such an observation indicates that the price of device model has a statistically significant correlation of the behaviors of users from different groups. Hence, we can focus more on the distribution variance among groups (in the box-plots) and the results reported in Table 3 .
Effect on App Management Activities
First, we focus on RQ1, i.e., whether users holding different device models perform differently in terms of app downloads, updates, and uninstallations. This research question is motivated by three folds. First, the behaviors of app downloads can indicate the adoption of app stores by users, i.e., whether the users prefer seeking apps from app stores and which users are more active. Second, we can identify the most popular/unpopular apps for a given device model, the app stores operators can accurately recommend the apps. Third, we can explore which apps are more likely to be abandoned by the users holding a specific device model, and such knowledge can help app developers identify the possible problems such as device-specific bugs.
Adoption of App Stores
In Figure 1 , we first report the number of 5-month management activities in terms of download and update. On average, we can see that most users do not frequently access the app stores. However, in each group, the standard deviation of management activities is quite significant. Such an observation indicates that users can perform quite variously in terms of management. We can observe that the users holding higher-level devices are more likely to access the app stores.
App Selection
We next investigate whether the choice of device models can impact the app selection. From our previous study of the global distribution of apps [13] , we find that users can have quite high overlap in selecting the popular apps, such as WeChat, QQ, Map. Hence, we first explore the similarity of apps selection. We aggregate the apps that are downloaded and updated by at least 1,00 unique users of each device model, and compute the pairwise cosine similarity between the three groups. The cosine similarity values are 0.81 (high-end and middleend), 0.86 (high-end and low-end), and 0.81 (middle-end and low-end), respectively. Such an observation evidences our preliminary findings. Then we explore the diversity of app selection. For simplicity, we cluster each app according to its category information provided by Wandoujia, e.g., Game, NEWS_AND_READING, etc. We compute the contributions of downloads and updates from every single device model against a specific app category. For example, if there are 1,000,000 downloads of GAME apps and 50,000 of these downloads and updates come from the device model Samsung S4, we assign the contributions made by this device model is 5%. Then we make the correlation analysis of app selection and the price of device, by means of Pearson correlation co-efficient. We find that as the price of device models increases, the users are more likely to choose apps from the categories of TRAFFIC (r=0.376, p = 0.000) , LIFESTYLE (r = 0.469, p = 0.000), NEWS_AND_READING (r = 0.471, p = 0.000), SHOPPING (r = 0.488, p = 0.000), FINANCE (r = 0.513, p = 0.000), and TRAVEL (r = 0.560, p = 0.000). In contrast, the correlation analysis show that as the prices of device models increases, the users are less likely to choose the apps from GAME (r = -0.567, p = 0.000) and MUSIC (r = -0.407, p = 0.000). Such observations imply that the choice of device models can significantly impact the app selections, and infer the characteristics and requirements of the users. For example, users with high-end smartphones are more likely to have higher positions and better economic background, so they care about the apps from NEWS AND READING, FINANCE, TRAVEL, and SHOPPING. Users holding low-end device models care more about the entertainment such as Game and Music.
App Abandonment
The uninstallation can indicate the users' negative attitudes towards an app, i.e., the user does not like or require the app any longer. From Figure 1 , it is observed that the median of uninstallation activities differ quite marginally among the three groups. We then perform the correlation analysis in a similar way of downloads and updates. In most categories, the Pearson co-efficient is not quite significant. However, we find that the correlation in TRAVEL (r = 0.406, p = 0.000) is significant. Although the travel apps are most likely to be downloaded by higher-end users, these apps are also very possible to be uninstalled by these users.
Although the uninstallation does not take significant correlations to device models at the level of app category, investigating the individual apps that are possibly abandoned by a specific device model is still meaningful. To this end, we explore the apps which have been uninstalled for more than 100 times in our data set, and get 3,123 apps. We then draw the distribution of uninstallations according to the device model. An interesting finding is that, the manufacturercustomized or preloaded apps are more possibly uninstalled on their own lower-end device models. For example, the app Huawei Cloud Disk (the package com.huawei.hidisk) is a preloaded app on almost all device models produced by Huawei. This app has 20,985 uninstallations, while 17,641 uninstallations come from the lower-end devices. The similar findings can be found in other device models produced by Samsung, Lenovo, and ZTE. Such an observation implies that the lower-end users are less likely to adopt these customized or preloaded apps. Besides the preloaded apps, some apps are also more likely to be uninstalled by a specific device model. For example, the Samsung Galaxy Note 2 accounts for more than 80% uninstallations of two camera apps. Such a finding implies that these apps can suffer from device-specific incompatibility or bugs.
Effect on Online Time
We next intend to validate RQ2, i.e., the choice of device models impacts on how long the users spend their time on the Internet. Such a research question is motivated by understanding whether the choice of device models can lead to various preferences toward cellular and Wi-Fi usage. If the app developers can know that some users from a specific device model spend more cellular time rather than Wi-Fi, they can provide customized features to these models. For example, developers can optimize the data plan usage by providing pre-downloading contents when these users are in Wi-Fi network. In addition, if users holding specific device models spend much time on a few categories of apps, the developers, web content providers, and advertisers can leverage such knowledge to customize more accurate advertisements to audience.
The Wandoujia management app can record the daily foreground/background connection time under both cellular and Wi-Fi. Since the foreground time is computed only when the users interact with the app (by checking the stack of active apps in Android system), we exclude the background time in the online time analysis. Figure 2 describes the distribution of online time. For online time, we are surprised to find that users rely less on the cellular network as the price of device model increases. In other words, the higher-end users typically spend less time under cellular network. For the average daily online time, the low-end users ( 1,000-RMB device models) spend about 10 minutes more than the high-end users ( 4,000-RMB device models) under cellular, while the high-end users spend 1 hour more than the low-end users under Wi-Fi. Immediately, we can infer that the network conditions vary a lot among different users, i.e., the lower-end users are less likely to stay in the places where Wi-Fi are covered. In contrast, the higher-end users tend to have better Wi-Fi connections. Such a difference can further imply the possible locations where different users may stay, e.g., the high-end users are more likely to stay in offices.
We then investigate whether the choice of device models affect the usage of "network-intensive" apps. Similar to the preceding analysis in the management activities, we compare the online time distribution of device models over each app category, under cellular and Wi-Fi, respectively. For cellular, the online time of apps have no significant correlation with the price of device models, except the categories of TRAVEL (r = 0.3427, p = 0.000) SHOPPING (r = 0.452, p = 0.000), and EDUCATION (r = -0.305, p =0.000).
This result can support the findings of RQ1. On the other hand, it is interesting to see that users holding lower-end smartphones are more likely to use EDUCATION (r = -0.305, p = 0.000) apps under the cellular. Such a finding suggests that a considerable proportion of lower-end users may be students.
The correlation between the choice of device model and online time under Wi-Fi seems not to be quite significant, either. Only in the category of SHOPPING (r = -0.304, p = 0.000), the choice of device models seems to take significant correlation with the price of device. Such an observation is not surprising, as higher-end users are supposed to have better economic back- ground and more likely to spend more on shopping. We can infer that users share quite similar preferences in app usage under Wi-Fi.
Effect on Traffic Consumption
Another important network-related issue for smartphone users is the traffic. We next focus on RQ3, i.e., whether users holding different device models differ in cellular and Wi-Fi traffic usage. Generally, users do not care about the traffic from Wi-Fi, but do concern the traffic from cellular that they need to pay for, especially for low-end users who usually have relatively limited budgets. However, exploring the traffic generated from Wi-Fi can be meaningful. Intuitively, we can explore which apps are more "bandwidth-sensitive" on specific device models, so the app developers and network service provider can consider techniques to compensate for bandwidth variability.
The distribution of traffic consumption among device models is shown in Figure 3 . Interestingly, although the higher-end users are observed to spend the least time under the cellular network in RQ2, they spend the most traffic. In other words, we can infer that the higher-end users are more likely to use those "traffic-heavy" apps. On average, a high-end user can spend more 100 MB cellular data plan than a low-end user. In China, such a difference of data plan does matter very much.
Since the gaps between different device models are substantial, identifying which apps consume most traffic on specific device models can be quite meaningful. Similar to preceding analysis, we compute the Pearson correlation coefficients between the choice of device model from every single user and the apps on which the traffic is consumed. The cellular data plan consumed over the apps from SHOPPING (r = 0.423, p = 0.000) and TRAVEL (r = 0.445, p = 0.000) presents a quite significant positive correlation to the price of device models. In contrast, the correlations seem to be significantly negative in GAME (r = -0.371, p = 0.000) and MUSIC (r = -0.333, p = 0.000) apps. In these app categories, users with lower-end smartphones tend to spend more cellular traffic. These findings are consistent with the app download and update preferences in RQ1.
The traffic generated under Wi-Fi presents significant correlations with the device models in some categories. The lower-end users tend to spend a large number of Wi-Fi traffic on the VIDEO apps, In contrast, the higher-end users are more likely to rely on the apps of COMMUNICATION, PRODUCTIVITY, SYSTEM_TOOL, TRAVEL, BEAUTIFY, NEWS_AND_READING, LIFESTYLE, and SHOPPING under Wi-Fi. Such a difference in the Wi-Fi traffic usage can indicate the requirements and preferences of users holding different device models, and thus implies the possibly different background of the users.
Effect on App Revenue
The above three research questions have revealed the general correlations between the choice of device models and app usage. To further explore the underlying reasons that can be more relevant to other stakeholders such as app developers, we try to focus on the RQ4, i.e., whether the choice of device models can affect the app revenue. It should be mentioned that all apps directly downloaded from Wandoujia are free, despite the in-app purchase of some apps. However, since the Wandoujia management app act as a system-wide service to monitor all apps that are installed on a device, we can still identify which apps should be paid ones that are downloaded from other channels. To this end, we write a crawler program to retrieve the package names of paid Android apps from other app stores including Google Play, 360safe App Store, and Baidu App Store. Then we extract the logs that are related to these paid apps from our data set. In addition, we record the fee of each paid app. By such a step, we finally obtained 27,375 users that have used paid apps. As the price of a device model can serve as an indicator of its owner's economic background, it is not uncommon to suppose users with expensive devices to pay more money in purchasing paid apps. We are interested in three facets, (1) the possibility to buy paid apps, i.e., are users with high-end devices more likely to use paid apps? (2) the expenditure of apps, i.e., do the high-end users pay more money on buying apps? (3) the diversity of paid apps, i.e., do users with different models pay for different purposes?
First, we investigate the possibility of buying apps. From Table 4 , we can observe that the higher-end users account for about 47% of all users who have ever purchased paid apps, and 45% of purchased records. We further perform a Chisquare test to confirm the significant correlations between the proportion of buyers and group (χ 2 = 2875.05, p = 0.000).
When moving to the expense of apps, we perform the pairwise T-test of average expenditure of users. The T-Test can identify the positive or negative correlation of the tendency of buying apps against the groups. The T-test values are -4.281 (high-end v.s. low-end) and -5.740 (middle-end v.s. low-end), respectively, given the p = 0.000. To our surprise, buyers with higher-end device models are likely to spend even less money than lower-end users. Interestingly, although the lower-end users account for quite small proportion of all buyers and the purchase orders, they are likely to spend more money on average. Such a finding indicates that the choice of device models impact the wish to buy apps, which affects the revenue of apps accordingly.
Finally, the choice of device models can impact the preferences of paid apps. The lower-end users are more likely to pay for GAME (r = -0.221, p = 0.000), BEAUTIFY (r = -0.086, p = 0.000 such as themes), and SPORTS (r = -0.131, p = 0.000). In contrast, the higher-end users tend to buy PRODUCTIVITY (r = 0.306, p = 0.000, such as office suite). Such a difference can reflect the different requirements of apps which the users would like to pay for. 
Effect on Choices of Competing Apps
We finally move to the RQ5, i.e., whether the choice of device models can affect selecting the apps of the same or similar functionalities (we name such apps as "competing apps" in the follows) Such a research question is motivated by the existence of a number of "competing apps" on the app stores. For example, there are a number of competing browsers such as Chrome, FireFox, Opera Mini, Safari, maps such as Google Maps, Baidu Maps, and Yahoo! Maps, and so on. Although these apps can provide very similar or even the same functionalities, they can perform quite variously such as the data traffic and energy drain, given the same user requests [27] . In addition, besides the common functionalities, the competing apps are likely to provide some differentiated features such as adjustable color and light for display. Endusers often feel confusing to select the apps that are more adequate to their own preferences and requirements.
Unlike the correlation analysis of RQ1-RQ4, we do not directly conduct correlation analysis to all app categories. Instead, we choose three typical apps: News reader, Video player, and Browser, as they are observed to be commonly used in daily life. For each app, we select the top-5 apps according to the online time that the users spend on them. The reason why we employ the online time instead of the number of downloads is that the online time can be computed only when the users interact with the app. The selected competing apps are as follows. The News contains Phoenix News, Sohu News, Netease News, Today's Top News, and Tencent News; the Video Player contains QVOD, Lenovo Video, Baidu Video, Sohu Video, and iQiyi Video; the Browser contains Chrome, UC Web, Jinshan, Baidu, and 360Safe.
First, we want to figure out the distribution of the user preferences against the app according to the device model. We employ the cumulative distribution function (CDF) to demonstrate such distributions, as shown in Figure 4 . For each app, the X-Axis represents the price of device models that are sorted in ascending order, and the Y-Axis refers to the percentage of the app's users holding such a device model. An app tends to have be used by more higher-end users if the curve draws near the bottom. Obviously, we can observe that the choice of device models significantly impact the selection of competing apps. For the news readers, we can see that the Phoenix News and Netease News are more likely to be adopted by higher-end users. In contrast, the Sohu News tend to be more preferred by the lower-end users.
The difference among device models is even more significant for the Video players. The Lenono Video takes a very significant difference compared to other 4 apps, indicating most of its users are lower-end. One possible reason is the Lenovo Video is a preloaded app that is used mainly on smartphones manufactured by Lenovo, and most of these smartphones are categorized into middle-end and low-end groups.
Finally, in the browser group, the similar findings can be observed. The most preferred browser of higher-end users is Chrome, followed by the 360Safe browser, Jinshan browser, and the UC Web browser. The Baidu browser are the most likely to be adopted by the low-end users.
We can confirm that the device models can affect the choice of competing apps. In addition, we are interested in the possible underlying reasons. Referencing the app similarity model proposed by Chen et al. [4] , we explore the profile of these competing apps, including the textual descriptions, vendors, and features. Some immediate findings are derived.
First, we can infer that the lower-end users prefer the "local" apps more than the "international apps". For example, the Baidu browser and the 360Safe browser are both developed by local app vendors in China. Second, some special features can be more attractive to different users. For example, from the profile the Baidu and UC Web claim that they are more "traffic-friendly" by compressing the Web page on a front-end proxy before the Web page is delivered to the users. Hence, it is not surprising that these two browsers are more appreciated by the lower-end users, given that these users have limited budgets. Third, the content providers can be an possible impact factor. For example, Sohu is famous for the fast channel of entertainment news in China, and thus the lower-end users, who are possibly in-school students and low-position employees, are more likely to take the Sohu News as the favored app. In contrast, the Phoenix News is provided by the Phoenix New Media 10 , which is famous for the in-depth, objective reviews of economic, finance, and politics. As a result, the users holding higher-end device models the Phoenix News as a preference, since they may care more about the related topics.
Summary of Findings
So far we have answered the 5 research questions proposed previously. Although users holding different device models share similarities in some categories of apps such as Communication, significant diversities are observed. The correlation analysis and hypotheses testing confirm that the choice of device models exactly impacts the user behaviors in terms of adoption of app stores, app selection, app abandonment, online time, data plan, app revenue, and selection of competing apps. In summary, we can conclude that the choice of device models can significantly impact the app usage, which in turn reflects the classification of the user requirements, preferences, and possible background. Besides the correlation analysis, we also derive some possible reasons why such diversity exists. We will further explore how our derived knowledge can benefit the research community of mobile computing.
10 http://ir.ifeng.com/
IMPLICATIONS
In this section, we present some implications and suggestions that might be helpful to relevant stakeholders in the app-centric ecosystem.
App Store Operators
App stores play the central role in the ecosystem. Intuitively, the recommender systems deployed on the app stores should accurately suggest the proper apps of users. From our findings in RQ1-RQ5, the choice of device models can significantly impact the user preferences of app selection, especially in some competing apps. It is reported that most app stores mainly rely on the similarity-based recommendations such as the apps frequently downloaded by users, the apps developed by the vendors, or apps with similar purposes [31] . Some advanced recommendation techniques can further improve the recommendation quality, such as those based on the similarity between apps from various aspects such as app profile, category, permission, images, and updates [4] . However, synthesizing the user requirements, preferences, and even economic background inferred from our study can be further helpful. For example, the app stores can recommend a lower-end user with the browsers such as UCWeb and Baidu instead of Chrome, if the user cares about the data plan. To the best of our knowledge, very few app stores take into account the impacts of device model as an influential factor, including Wandoujia. In practice, we plan to integrate the device model as a dimension to improve the recommendation quality.
From RQ1, we can find that a large number of users (at least in China) do not frequently download and update their apps from app stores. Although the Android users can use other third-party app stores (e.g., those provided by the device manufacturers) other than Wandoujia, it is still worth reporting that the lower-end users are less likely to access the app stores. In this way, the app stores have to carefully consider how to expand the desires from these users.
App Developers
Developers can also learn some lessons from our study when designing and publishing their apps. From RQ1, we can find that some apps are more frequently uninstalled on some device models. It implies that there can be some problems such as compliance with hardware or the device-specific APIs. As reported on the StackOverFlow [29] , some camera related bugs have been found on Samsung Galaxy Note2. Our finding can validate such problematic issues. When having the distribution of uninstallations according device models, the developers, OS-vendors, and device manufacturers can draw attentions and prevent problematic issues.
As we presented in RQ2, the choice of device models makes quite significant impacts on the online time of apps. For example, the higher-end user can spend more time on NEWS_AND_READING and TRAVEL. Due to the fragmentation of Android devices [11] , currently more and more in-app ads networks allow the developers to customize the title, banner, and content of ads according to the device model [6] . Hence, the developers of these apps should consider customizing some device-specific ads networks to these "heavy" users and gain the potential revenue of ads clicking.
From RQ4, we observe that lower-end users are likely to pay more for apps than higher-end users. Such a finding can assist developers to locate target audiences from whom the revenue can be gained. To attract the lower-end users who are less likely to buy their apps but probably with less budgets, the developers can consider the "try-out-and-buy" model to increase the user interests. In addition, they can further explore some new features or in-app ads to increase more revenue.
From RQ5, we can find that the selection of competing apps can vary a lot among users holding different levels of device models. Developers can further explore why their apps are less adopted by users from some specific device models, and fix possible bugs, optimize the design, or provide advanced features. For example, it is said that the UC Web can save traffics for users by compressing images and refactoring the Web page layout on the sever before the page is downloaded by the device. Such optimized features can be leveraged to improve the user experiences of apps.
Network Service Providers
The network service providers or carriers such as T-Mobile, China Mobile, and China UniCom, play an important role in providing the communication infrastructure and service delivery. From RQ2 and RQ3, we can derive the network usage patterns of users choosing different device models. From RQ2, the lower-end are more likely to connect to cellular network than the higher-end users, especially in using some specific apps. However, the findings of RQ3 suggest that lower-end users typically spend less data plan in cellular network since they may have relatively limited budgets. Such an observation indicates that the lower-end users are less possible to use the "traffic-heavy" apps such as online music and video players under cellular network. To increase the data plan usage of these lower-end users, the network service providers do need to concern some special business models by case. For example, the network service providers can negotiate with the vendors and provide special packages of data plan, such as the "buy-out" ones that are customized to specific apps, e.g., music or video players. Such packages provide the users the unlimited cellular traffic that can be used but only to access the specific apps. As the customized packages are independent from the regular data plan, they are possibly appreciated by users for specific purposes. The network service providers can exploit such a business model to the device manufacturers and app store operators. For example, the device manufacturers commonly preload some apps in their devices. The network service providers can bind these apps with the customized data package, and share the commissions from the revenue of device manufacturers.
In addition, from RQ2, we can also infer that the lower-end users are less likely to be covered by Wi-Fi, and tend to spend more network access time under cellular. By synthesizing another findings of RQ2, i.e., the lower-end users spend more time on EDUCATION apps under cellular, we can infer that these users are possibly in-school students. As the network service providers can easily obtain the device model information and location distribution of the connected devices, e.g., from the tier-1 cellular carriers, they can estimate and allocate the radio resources around the places where lower-end users are more likely to stay.
THREATS TO VALIDITY
Considerable care and attention should be addressed to ensure the rigor of our study. As with any chosen research methodology, it is hardly without limitations. In this section, we will present the potential threats for validating our results.
One potential limitation of our work is that the data set is collected from a single app marketplace in China. The users under study are mainly Chinese, and the region differences should be considered. In addition, the investigated apps are only Android apps. Hence, some results may not be fully generalized to other app stores, platforms, or countries. Such an limitation can hardly be addressed due to the difficulty of acquiring the similar behavioral profile from large-scale users. However, the measurement approach itself can be generalized to other similar data sets from other app stores. Additionally, China has become the biggest market of mobile devices and apps all over the world, so our findings derived from over 0.7 million Android users can provide some comprehensive and representative knowledge to the research communities of modern Internet.
Choosing the price as indicator can introduce threat since the price of devices can change quite frequently. To address such a threat, we make a coarse-grained categorization of device models. We manually checked the first-to-market price and the latest price as of September 2014 (the end point of our data set) of each model. The price of most device models can still fall into our category. In addition, it would be interesting that if we categorize the device models based on other levels of price. Although there can be some bias caused by the varying price of device models, we believe that our measurement approach and findings can be generalized to any other data sets like ours.
CONCLUSION AND FUTURE WORK
In this paper, we have presented the correlation analysis of choice of device models against the user behaviors of using Android apps. Our study was conducted over the largest to date set collected from over 0.7 million users of Wandoujia. We reported how the choice of device models can impact the adoption of app stores, app selection and abandonment, online time, data plan usage, revenues gained from apps, and comparisons of competing apps. The results revealed the significance of device models against app usage. We summarized our findings and presented implications for relevant stakeholders in the app-centric ecosystem.
Currently, we plan to take into account the device models as an important impact factor in the recommendation systems of Wandoujia [16] . The analytical techniques shall be developed as an offline learning kernel and improve more personalized recommendation of apps. We are now developing features to collect much finer-grained information in the Wandoujia management apps, such as the traffic/access time per session in apps and the click-through logs. We believe that such detailed information can explore more diversity among users and thus improve our study.
